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A trained generative neural network (NN) encodes structural knowledge about the corpus it
is trained on (Manning et al., 2020): yet, while Al-based music generation attracts increasing
interest (Ji et al., 2023), the potential of interpretable NNs as tools for music-theoretical enquiry
remains under-exploited. Here, we investigate the geometry of a NN’s hidden embeddings as
representative of stylistic variation across pieces, as well as structural features within pieces,
with the qualitative exploration of individual examples and quantitative hypothesis tests over
large corpora.

An LSTM-based NN was trained for next-note prediction on annotated, score-based
(Hentschel, 2024) and non-annotated, performance-based corpora (Hawthorne et al., 2019) of
tonal repertoires. We show that the LSTM hidden states encode aspects of musically
meaningful features such as voice segregation, chord identity, and harmonic directedness. This
learning is theory-agnostic (the model does not commit to any music-theoretical notions),
bottom-up (the model is only exposed to a raw MIDI representation of the musical surface),
and unsupervised (the LSTM states have no explicit reward for encoding features of the
individual events). This suggests that meaningful structural principles plausibly emerge
spontaneously in the service of successful prediction. In turn, this provides a useful common
ground for competence-level theories of musical structure (e.g., Lerdahl & Jackendoff, 1983)
and cognitive accounts based on statistical learning (Pearce, 2018) and predictive-coding
principles (Koelsch et al., 2019).

We finally discuss applications of these tools to a corpus of free (non-idiomatic; Bailey,
1980) improvisations (Dean & Forth, 2020), whose aesthetics resists explicit a-priori theorizing
(Canonne, 2018), and where structural principles determined a priori coexist with those
emerging in-the-moment during performance (Dean & Bailes, 2016; Sparti, 2016) or cemented
implicitly over repeated improvisations (Smith & Dean, 1997). In these repertoires,
interpretable NNs may prove to be a valuable analytical tool to identify and creatively exploit
data-driven yet abstract structural and stylistic features with minimal a-priori theoretical
commitment.
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